Abstract: Freshwater faunal diversity and abundance have declined dramatically worldwide, concurrent with changes in streamflow and sediment loads in rivers. Cumulative effects and interdependencies of chronic covarying environmental stressors can obscure causal linkages that may be controlling the population dynamics of longer-lived freshwater fauna, such as mussels. To understand changes in long-term mussel population density, we developed a dynamic, process-based interaction model that couples streamflow, suspended sediment, phytoplankton, and mussel abundance under the hypothesis that chronic exposure to increased suspended sediment and food limitation are the primary factors controlling native mussel population density in a midwestern USA agricultural river basin. We calibrated and validated the model with extensive survey data from multiple time periods and used it to evaluate changes in mussel abundance at a subbasin scale over decades. We evaluated sensitivity of simulated mussel densities across a range of mortality rates and initial population densities. In scenarios representing altered sediment concentrations, such as might occur with climate or landuse-induced changes in streamflow or sediment generation rates, mussel population density showed critical threshold responses to long-term changes in suspended sediment concentration. This model of mussel population density can be used to test hypotheses about limiting factors, identify priority locations for restoration activities, and evaluate the effects of climate-or landuse-change scenarios.
Freshwater mussels are the most imperiled of all freshwater fauna in North America, and 70% of the ∼300 native species are listed as endangered, threatened, or of special concern (Ricciardi and Rasmussen 1999, Stein et al. 2000) . No single physical, chemical, or biological factor can be implicated in the massive declines in mussel population biodiversity and abundance. Instead, multiple, often interacting, environmental stressors are concurrently degrading water quality and causing declines in populations (Strayer et al. 2004 , Strayer 2008 , Downing et al. 2010 , Haag and Williams 2013 . Potential interacting factors affecting mussels include changes in hydrologic regime, sedimentation and turbidity, channel modifications, chemical pollution, such as pesticides and NH 3 , substrate instability, host-fish availability, predation, zebra mussel infestation, and food limitation (Geist and Auerswald 2007 , Österling et al. 2010 , Peterson et al. 2011 , Haag 2012 and references within, Malcom 2012, French and Ackerman 2014) .
Many stressors known to affect mussel populations (e.g., water-quality degradation, intermittent streamflow) are associated with changes in land use and streamflow that have contributed to chronically degraded environmental conditions (Strayer et al. 2004 , Poff and Zimmerman 2010 , Carlisle et al. 2011 , Carpenter et al. 2011 . A strong interaction has been reported among mussel population density, streamflow, and sediment transport conditions, including substrate instability, excess suspended sediment concentrations, and riverbed sedimentation (Brim Box and Mossa 1999, Arbuckle and Downing 2002, Allen E-mail addresses: 4 hanse782@umn.edu; 5 czuba004@umn.edu; and Vaughn 2010) . Streamflow and covarying environmental attributes, such as suspended sediment concentration, nutrient and phytoplankton concentration, and sediment bed load, are highly temporally variable because of storms, seasonal patterns, and interannual drought/flood conditions. Thus, single measurements of those attributes are not expected to capture the effective habitat conditions (Biggs et al. 2005 , Poff and Zimmerman 2010 , Ceola et al. 2013 . However, population dynamics of long-lived fauna reflect a response to long-term chronic stress more than to conditions at any given time (Strayer et al. 2004 ). An example of concurrent physical and biological changes can be seen in the intensively managed agricultural landscapes of the midwestern USA (Midwest) (Poole and Downing 2004 , Carpenter et al. 2011 , Culp et al. 2013 . During the 20 th century, mean annual precipitation in the Midwest increased by 10 to 20% (Karl et al. 1996) including a significant increase in heavy precipitation (Changnon and Kunkel 1995, Angel and Huff 1997) . Similar to much of the Midwest, the Minnesota River Basin (MRB), our primary study site, underwent extensive changes in land use from historic prairie-wetland mosaic to >80% row-crop agriculture (Jin et al. 2013) . Together, the combined effects of increased precipitation, early snowmelt, crop conversion, and increased artificial drainage (i.e., subsurface tiling and ditches) have led to observed increases in streamflows in the MRB (Novotny and Stefan 2007 , Dadaser-Celik and Stefan 2009 , Schottler et al. 2014 . Suspended sediment loads from the MRB also have increased as evidenced by sediment core analysis in Lake Pepin. Lake Pepin, a naturally dammed fluvial lake in the Upper Mississippi River, has experienced a >10× increase in its sediment accumulation rate over the past 150 y with 80 to 90% of its sediment attributed to loading from the MRB (Kelley and Nater 2000, Engstrom et al. 2009 ). In concert with these hydrologic and geomorphic changes, a decline in native mussels, macroinvertebrates, and sensitive fish species has been observed in the MRB (Kirsch et al. 1985 , Musser et al. 2009 ). The decline in mussel population abundance and species richness coincident with dramatic increases in streamflow and suspended sediment loads suggests a causative effect and that multiple stressors may be interacting dynamically in the MRB. This hypothesis is further reinforced by the fact that in the nearby St Croix River (SCR), which has seen little expansion in agriculture and no significant increases in streamflow and sediment concentrations, richness and density have been maintained at high levels (Fago and Hatch 1993, Hornbach 2001) .
Recent efforts to address multicausality of mussel population decline and distribution have relied largely on multiple regression models, such as classification and regression tree models, random-forest regression, and principal component analysis (PCA), to correlate survey observations with a suite of potentially controlling variables measured within the study system (Howard and Cuffey 2003 , Gangloff and Feminella 2007 , Zigler et al. 2007 , Steuer et al. 2008 , Cao et al. 2013 ). Daniel and Brown (2013) extended PCA by using structural equation modeling to model linear, single-direction process interactions. At a subwatershed scale, mussel abundance has been correlated with bankfull bed shear stress, channel gradient, agricultural land use, fish host abundance, and substrate stability (Howard and Cuffey 2003 , Gangloff and Feminella 2007 , Cao et al. 2013 , Daniel and Brown 2013 . At the subreach scale, hydraulic and geomorphic variables defined at bankfull flow conditions (e.g., shear stress, Reynolds number, Froude number) have been used successfully to predict presence/absence (Zigler et al. 2007 , Steuer et al. 2008 , Allen and Vaughn 2010 . Such multiple regression techniques are well suited to identifying stressors that do not vary much over the modeled time scale or for which population responses are acute, but are not effective for capturing the response to subcatastrophic fluctuating stressors, such as suspended sediment, chemical pollutants, and food limitation, or to nonlinear interactions among them.
Process interaction models have been suggested as potentially viable approaches to capture interactions between biota and dynamic environmental stressors (Power et al. 1995 , Berg et al. 2008 ). This approach is distinctly different from multiple regression models, which search for (static) correlations between population survey observations and environmental variables. Instead, process interaction models start with hypothesized stressors, and then allow the model variables to evolve through time to predict population characteristics, which are compared to survey observations. This approach has not yet been widely used for predicting mussel abundance because of the extensive amount of input information required from basic experimental research to define the relevant processes, parameters, and variables. For example, Berg et al. (2008) proposed such a model that included all life stages but faced challenges in estimating the model parameters because of the scarcity of information regarding critical population and life-history characteristics for nonadult life stages. Process interaction models are especially well suited to guide population or watershed management under uncertain conditions, such as climate or landuse change (Cuddington et al. 2013 ), because they capture dynamic changes in variables or interactions among variables.
We present a process-based dynamic interaction model that can be used to test the predictive power of a model that captures the cumulative effects of fluctuating environmental conditions on the population density of longlived, sedentary aquatic organisms, i.e., freshwater mussels. The model makes many simplifying assumptions, such as generic mussel behavior and growth parameters and limited environmental variables, to explore the plausibility of predicting mussel density over space. The primary under-lying assumption of the model is that increasing streamflow magnitude and fluctuations are controlling long-term aggregate mussel population density through increased suspended sediment concentrations and food limitation in agricultural watersheds (Fig. 1) . The nonlinear interactions of the model variables (streamflow, suspended sediment, phytoplankton, and freshwater mussel density) at short time scales (daily) are integrated within the model across a much longer time scale (decades).
If the model cannot explain the spatial distribution of mussel density or the change in density over time, then its hypotheses failed to capture either the correct variables or the interactions and must be adjusted. If the model predictions agree with the observed trends, then it supports our conceptual understanding of the 1 st -order controls on the system dynamics and can be used in 3 complementary modes: 1) as a predictive tool to assess the response of the system to future changes, 2) as a decision management tool to explore locations and actions for restoration activities, and 3) as an exploratory tool to suggest critical areas and times where better data collection would further refine and parameterize the model for increased prediction accuracy.
METHODS

Model development
The model is based on processes and interactions that we hypothesize to act as 1 st -order controls on the spatial and temporal variability of mussel density throughout the MRB and SCR (Fig. 2) . Driven by streamflow (Q t ; L/s), the 3 dependent variables, inorganic suspended sediment concentration (S t ; g/L), phytoplankton population density represented by chlorophyll a concentration (C t ; g/L), and multispecies mussel population density (M t ; mussels/m 2 ) co-evolve and interact through time. These 4 variables are updated using empirical and theoretical functional relationships on a daily time step for a period of multiple decades. The model is deterministic, and we derived fixed parameters from the literature or, when possible, from site-specific data (summarized in Table 1 , details in Appendices S1, S2). We selected 2 parameters, initial mussel density (M 0 ) and mortality rate (ε M ), for model calibration using survey data from 12 sites in the upper Midwest. The model was validated with survey data from 4 of these 12 sites collected on earlier dates.
The general form of the model can be expressed by the following set of coupled, nonlinear differential equations:
Assuming initial conditions S 0 , C 0 , M 0 , and given a time series of daily streamflow data (Q t ), which acts as the forcing variable, the above set of equations dynamically couple these variables exerting process interactions and feedbacks to generate daily time series of S t , C t , and M t at each location where the model is applied. No explicit spatial scale exists because the variables are concentrations. The general relationships given in Eqs 1-3 incorporate known functional dependencies of sources and sinks and modulated population growth models. We parameterize these relationships as:
where f 1 (Q t ) is the flow-dependent suspended sediment generation rate and f 2 (M t , S t , Q t ) is the mussel filtration rate,
where f 3 (S t ) is the sediment-modulated phytoplankton growth rate,
Þ is logistic growth of the phytoplankton with carrying capacity (K C ), and f 4 (Q t ) describes streamflow dilution of phytoplankton, and where f 5 (S t ) is the sediment-modulated mussel population growth and M t ð1− M t f 6 ðC t Þ Þ is logistic growth of the mussel population with food-modified effective carrying capacity.
Functional interactions Flow-dependent suspended sediment generation f 1 (Q t ) is typically assumed to have a power law relationship (e.g., Leopold et al. 1964) :
where α QS and β QS are constants that were estimated from site-specific Q t and suspended sediment-monitoring data (USGS 2014) (see Table S1 for the fitted parameters and Fig. 3A ). Within the model, the change in S t caused by Q t was modeled as the difference between Eq. 7 at t and at t + 1 divided by dt. This relationship was significant at all sites ( p < 0.001), but the predictive power varied from site to site with a range in R 2 from 0.21 to 0.75 and median R 2 = 0.38. For some sites, we made modifications to invoke this relationship only above a critical Q t , whereas for lower Q t values, S t was a constant value estimated from observations ( Table S1 ). The effect of mussel filtration on S t and C t is reflected in the model in Eqs 4 and 5 through f 2 (M t , S t , Q t ):
) is the mussel clearance rate normalized by mussel wet mass (Fig. 4A ), w M (g/mussel) is the sitespecific average wet mass (described further in Appendix S1), and d t (m) is the average stream depth ( Fig. 3B ):
(Eq. 9)
where α Qd and β Qd are site-specific constants that were determined by regression of simultaneous Q t and d t , computed as measured channel area over measured channel top width from monitoring data (USGS 2014) (Table S2 , Fig. 3B ). R C,t is the volume of water cleared of particles per unit time per mussel and decreases with increasing S t (Alimov 1981 , Hornbach et al. 1984 , Gascho Landis et al. 2013 ). R C,t is modeled as an exponentially decaying function dependent on S t :
(Eq. 10)
where the 2 parameters, R C,max (L g -1 h -1
) and R* C (L/g) were estimated from a least-squares regression of Eq. 10 to observed clearance rates at suspended solid concentrations reported in the literature (R 2 = 0.58, n = 16, p = 0.0006; Fig. 4A ; Kryger and Riisgård 1988 , Ogilvie and Mitchell 1995 , Baker and Hornbach 2001 , Pusch et al. 2001 , Gascho Landis et al. 2013 .
Phytoplankton growth modulated by S t in Eq. 5 is represented in the model with a threshold-driven functional relationship f 3 (S t ) as
where r C (1/y) is the maximum population growth rate (i.e., birth rate -death rate), S* C [g/L] is the threshold in S t above which S t adversely effects phytoplankton growth rate (Schallenberg and Burns 2004) , and S C,max (g/L) is the suspended sediment concentration at which no population growth occurs (Stefan et al. 1983 ; Fig. 4B ). Streamflow dilution of phytoplankton is incorporated in the model in Eq. 5 with the function f 4 (Q t ):
This form is supported by the observed inverse relationship between C and Q, as expected from dilution, in the monitoring data at MN-Jordan (site 11) on the Minnesota River (MPCA 2013).
The effective mussel population growth rate, i.e., the growth rate modulated by a function of S t , is represented in the model by f 5 (S t ), where
In the above expressions, b M (1/y) is the juvenile recruitment rate, ε M (1/y) is the mortality rate, S M,max (g/L) is the S t at which the juvenile recruitment rate is 0, and
is a threshold below which S t does not limit juvenile recruitment (Fig. 4C ). Suspended sediment can reduce the number of gravid females and can cause recruitment failure above a threshold concentration (Österling et al. 2010 , Gascho Landis et al. 2013 ). The juvenile lifehistory stage is assumed to limit overall population growth (Daraio et al. 2010 , Arvidsson et al. 2012 , French and Ackerman 2014 . The effective mussel carrying capacity, f 6 (C t ), is modeled by a threshold relationship that is modulated by food availability.
where K M [mussels/m 2 ] is the nominal carrying capacity and C* M modifies K C to set the phytoplankton population a Reported as turbidity (NTU) and converted to suspended sediment concentration using empirically derived relationships based on Minnesota River monitoring data at multiple sites; S (mg/L) = 2.1(NTU)
b Observations of mussel clearance rate at known suspended solid concentrations used for the exponential decay function in model from Kryger and Riisgård 1988 , Ogilvie and Mitchell 1995 , Baker and Hornbach 2001 , Pusch et al. 2001 , Gascho Landis et al. 2013 density where food limitation alters the maximum number of mussels that can be sustained at a site (Fig. 4D) .
Model parameterization
The model has 16 prescribed parameters, 11 of which were set by values reported in the literature (Table 1) . The remaining 5 (α Qd , β Qd , α QS , β QS , and w M ) were estimated with site-specific data (see Appendix S1 for a detailed discussion). Two additional parameters, ε M and M 0 in 1976, were estimated via calibration. . Functional interactions between mussel clearance rate (R C ; Eq. 10) (A), effective phytoplankton population growth rate ( f 3 [S t ]; Eq. 11) (B), and effective mussel population growth rate ( f 5 [S t ]; Eq. 13) (C) as a function of suspended sediment concentration (S t ) and effective mussel population carrying capacity ( f 6 [C t ]; Eq. 14) as a function of phytoplankton population density as chlorophyll a concentration (C t ) (D). In panel A, the line shows the relationship used in model development. Symbols show values reported in the literature. The dark gray region shows R C between 0.5 and 2× the modeled R C , and the light gray region shows R C between 0.25 and 4× the modeled R C . See Table 1 for parameter abbreviations, values, and sources. . USGS observational data are shown as points, and lines represent the empirical relationships derived from the regression of Eqs 7 and 9 to the observational data. The extent of each line along the x-axis corresponds to the range of measured Q t for each site.
Study sites
We applied our model to 11 sites within the MRB and 1 site in the SCR (Fig. 2) . The MRB is primarily used for agriculture with ∼80% row-crop agricultural land use (Jin et al. 2013 ). The SCR sustains more diverse land use of 23% cropland, 28% rangeland, and 25% forest/shrub (Fago and Hatch 1993, Donatell et al. 2014) . Of the 41 native mussel species reported in historical records only 23 species are currently found in the MRB, and 9 of those are now rarely found (Musser et al. 2009 ). In contrast, the SCR is considered excellent mussel habitat with 41 living mussel species and some of the highest density and diversity found in Minnesota .
We included in the calibration and validation site list all river reaches in the 2 basins for which sufficient physical and biological observations were available. Physical information required to apply the model was: ≥18-y record of Q t , channel measurements needed to estimate the parameters α Qd and β Qd of the Q t -d t relationship (Eq. 9), and S t measurements to estimate the parameters α QS and β QS of the Q t -S t relationship (Eq. 7). Three reaches exhibited no significant Q t -S t relationship, leaving 12 viable sites in the MRB or SCR (Fig. 2) . For the 12 sites, reachaveraged observed population density (M obs ) was defined as the average population density from all survey observations collected at locations that satisfied the following conditions: 1) in the same river reach as the streamflow gage, 2) ≤20 km of the gage, and 3) not up-or downstream of major tributaries (population density and spatial extent of the sites are shown in Fig. 2) .
Observations of mussel populations
Mussel population diversity and abundance in the MRB and SCR have been quantified twice. In 1989-1991, quadrat transects and timed surveys were completed in the mainstem Minnesota River, the Chippewa River, and the SCR. The 1989-1991 data consisted of results from 3 independent surveys: 888 live mussels representing 33 species were found at 9 sites on the SCR (Hornbach 1991) , 1268 live mussels representing 20 species were found at 59 sites on the Minnesota River (Bright et al. 1990) , and 4090 live mussels representing 21 species were found at 32 sites on the Chippewa River (Bright et al. 1995) . Further details on the sampling methods for the 1989-1991 surveys are contained in the original references. The 1999-2012 observations consisted of timed surveys throughout the MRB and the SCR, which were made available to us by the Natural Heritage and Nongame Research Program of the Division of Ecological Services, Minnesota Department of Natural Resources (MN DNR, current as of 10 May 2013). In the 1999-2012 survey, 27,531 live mussels representing 21 species were found at 478 locations within the MRB, and 4077 live mussels representing 29 species were found at 89 survey locations on the SCR. Survey locations were chosen for ease of access and, for most locations, the survey crew had no prior knowledge of populations (B. Sietman, MN DNR, personal communication). Average search time per site was 104 min with a range of 30 to 240 min. On average and across all surveyed sites, 40% of all collected mussels were in the 0-5 age class indicating that active recruitment was occurring within the MRB and that the populations are not relict. For all species collected, some juveniles were found. Further details on the 1999-2012 survey method and data can be obtained through direct contact with the MN DNR (info.dnr@state.mn.us).
Model calibration and validation
We calibrated the model on 2 parameters related to mussel population growth: ε M and M 0 . Species-specific mortality rates are available in the literature for some species, but mussel assemblages are composed of many species, so we calibrated on an ε M that represented the assemblage average (Newton et al. 2011 , earlier references synthesized by Haag 2012). The 2 nd calibration parameter, M 0 , was not available. During the calibration process, we allowed ε M to range from 0.19 to 1.9/y and M 0 to range from 0.1 to 10 mussels/m 2 . We selected the calibrated values ε M * and M 0 * as those values that minimized the root mean square error (RMSE) between observed population densities (M obs [t cal,i ]), as reported in the 1999-2012 data set, and simulated population densities (M sim [t cal,i ]), both evaluated on the site-specific observation date (t cal,i ) across all sites. For each site, we ran the model using the daily observations of Q t from 1 September 1976 to the site-specific survey observation date (Table 2). We updated S t , C t , and M t daily throughout this period across the entire range of ε M and M 0 values. We used the data set with observations from more sites, i.e., the MN DNR survey data, for calibration to constrain the model adequately. We examined model sensitivity to the calibrated parameters M0 and ε M over realistic ranges.
Model validation consisted of comparing M obs (t val,i ) with the M sim (t val,i ), and then computing the R 2 value of the linear regression across all sites. The survey observations used for model validation consisted of independent mussel density observations from surveys during 1989-1991 at the 4 sites with sufficient S t and Q t data.
The survey methods for quantifying M t in the field varied between the 2 periods considered, and we made an effort to adjust for this factor. We converted the 1999-2012 observations, which were semiquantitative and reported as catch per unit effort (CPUE), to population density (mussel/m 2 ) using a linear regression developed from the semiquantitative and quantitative survey observations by Bright et al. (1990 Bright et al. ( , 1995 (M density = 0.0712M CPUE , R 2 = 0.61, n = 40, p < 0.0001). Semiquantitative sampling involves counting and classifying all individuals encountered at a location over a specified period of time. In contrast, quantitative sampling consists of counting and classifying all mussels encountered within uniformly spaced quadrats along transects and includes removing and sieving the sediment to a fixed depth. Semiquantitative sampling tends to underestimate small size classes, does not count burrowed mussels, can underrepresent species richness if the sampling effort is not for a long enough duration, or can overrepresent abundance by targeting known beds (Hornbach and Deneka 1996, Smith 2006 ). The linear relationship between CPUE and mussels/m 2 as developed from the Bright et al. (1990 Bright et al. ( , 1995 data suggests that semiquantitative sampling, although not an absolute measure of abundance, provides consistent relative estimates of mussel density across all sampled sites.
Scenario simulations
We created scenarios to evaluate M t responses to changes in sediment generation rate by linearly scaling α QS (Eq. 7), such that the long-term averaged suspended sediment concentration (S t,avg ) varied from 0.1 to 100 mg/ L, or by linearly scaling Q t , which preserved the variability but shifted the mean. Changes in sediment generation rate via α QS could result from changes in bank stability or upland erosion rates, whereas changes in Q t could result from climate-induced precipitation changes or from changes in watershed land use. We ran the model from 1 September 1976 to 30 September 2012 to evaluate scenario responses.
We tested the effect of selected processes on the model predictive ability by running simplified versions of the model and comparing the subsequent simulation results to the calibration survey observations. First, we tested for a direct Q t -S t interaction without mussel feedback for predictability through linear regression of M cal to a site-specific S t,avg where flow-modulated sediment generation was computed from Eq. 7 for each site then averaged across the time period from the model initiation to the calibration date. Second, we deactivated mussel filtration by setting f 2 (M m , S t , Q t ) = 0 (Eq. 8) to evaluate the effectiveness of filtration at promoting self-survival. We examined the effect of food limitation by setting f 6 (C t ) = K M in the calibrated model and compared the simulated population density to that predicted with food limitation included.
RESULTS
Calibration and validation
Calibration yielded ε M * = 1.01/y and M 0 * = 0.7 mussels/m 2 (RMSE = 1.46 mussels/m 2 , R 2 = 0.89, n = 12, p < 0.001; Fig. 5A ). A narrow band of low RMSE was obtained for a range of values of ε M and M 0 (Fig. 5B) . For low initial population density (M 0 < ∼1.5 mussel/m 2 ), the model was sensitive to both ε M and M 0 . Model sensitivity to M 0 decreased as M 0 increased (M 0 > ∼1.5 mussel/m 2 ), whereas the model was sensitive to ε M across its entire range. The insensitivity to initial conditions implies a sufficient time interval for the simulated populations at each site to dynamically correct from errors introduced from the specification of a uniform value of M 0 for all sites. For model validation, M sim (t val,i ) was compared to the M obs (t val,i ). The model was able to reasonably predict population density, although based on a limited number of validation sites (RMSE = 1.43 mussels/m 2 , R 2 = 0.94, n = 4, p = 0.030; Fig. 5A ).
Mussel population sensitivity
With M 0 fixed at the calibration value M 0 * = 0.7 mussels/m 2 , simulated population densities approached either , Sept 2011 , 2012 (8 June 2011 ) 1 January 1991 0 or the effective K M , corresponding to the fixed points of the logistic equation governing population growth (Eq. 6, Fig. 6A ). While all sites shared the same final population density for extirpation conditions (i.e., ≈ 0 mussel/m2), the equilibrium state related to K M was modulated by food availability, as accounted for by function f 6 (Eq. 14), and varied between sites. Between 0 and the effective K M , M sim (t cal,i ) responded dynamically to modeled interactions (Fig. 6A ). This dynamic region is shown shaded on Fig. 6A for the 3 example sites; St Croix (site 12), Chippewa (site 3), and Watonwan (site 8), which span a range of environmental stressors and mussel population responses. We will use these sites illustratively throughout the results section. For different sites, the region of dynamic population response occurs at different ranges of ε M and illustrates how environmental stressors can suppress mussel population growth (Fig. 6A) . For instance at St Croix (12), the simulated environmental stressors are so minimal that ε M must approach the nominal recruitment rate before M sim (t cal,i ) moves away from the asymptote at effective carrying capacity (Fig. 6A) . In contrast, environmental stressors at Watonwan (8) strongly affect recruitment and mussel populations grow only if ε M is very low. At the calibrated ε M and M 0 (vertical line and +; Fig. 6A, B) , the Chippewa (3) population was within the dynamic response region, the St Croix (12) population was approaching its effective carrying capacity, and the simulated Watonwan (8) population was near extirpation. Within the full calibration parameter space, the region of dynamic response for individual sites converged as M 0 increased and for a small range in ε M (Fig. 6B) . Results in Fig. 6B are consistent with Fig. 5B and show that the dynamic response region is relatively sensitive to changes in ε M and insensitive to the initial condition for M 0 > ∼1.5 mussel/m 2 . We explored sensitivity of the model to the fixed parameters K M , R C , and w M by varying each parameter independently and comparing M sim (t cal,i ) to M obs (t cal,i ). Model predictability of M t was insensitive to K M . Across a range of K M from 11 to 26 mussels/m 2 , the regression coefficient (R 2 ) between simulated and observed density, evaluated on the calibration dates at the 12 calibration sites, ranged from 0.86 to 0.89. Changes in K M shifted effective carrying capacity, which affected model predictions only at sites approaching K M , such as St Croix (12). We tested model sensitivity to R C by applying a linear multiplier to the modeled functional dependence of R C on S t (Eq. 4; ranges shown as shaded regions in Fig. 4A ). R C varies by season, species, and burrowing behavior, which introduce inherent uncertainty to this fixed parameter (Amyot and Downing 1997 , Watters et al. 2001 , Allen and Vaughn 2010 . The model was sensitive to reductions in R C . Varying the value of R C within a range of ⅓R C to ½R C , decreased the R 2 from 0.89 to 0.45, and the model predicted extirpation at 10 of the 12 sites. The model was less sensitive to increases in R C . Doubling R C resulted in model predictability with R 2 = 0.68 and tripling R C resulted in R 2 = 0.57. We also examined model sensitivity to w M by applying the average w M to all sites. The assumptions regarding average age and size used to estimate the sitespecific w M are described in detail in Appendix S1. When (Table 2 ). B.-Contour plot of root mean square error (RMSE) for 12 calibration sites across the considered range of mussel mortality rates (ε M ) and initial mussel population density (M 0 ). Lighter shades correspond to smaller error, and the change in gradation shows model sensitivity. A narrow band of low RMSE was obtained for a range of values of ε M and M 0 . The calibrated parameter/ initial condition (*) is denoted by + (ε M * = 1.01/y and M 0 * = 0.7 mussels/m 2 ; RMSE = 1.46 mussels/m 2 , n = 12). run with a constant w M for all sites, the average acrosssites value of w M = 100 g, comparison of M sim (t cal,i ) with M obs (t cal,i ) resulted in an R 2 = 0.38. Conversely, preserving site variability by applying a linear multiplier to w M had a much smaller effect on model predictability. For a 10% increase in w M at all sites, R 2 = 0.85, and for a 10% decrease, R 2 = 0.74.
Temporal model dynamics
Changes in Q t , the driving variable, and its propagation through dynamic process interactions with S t , C t , and M t , are reflected in the time series for each variable (Fig. 7A-D) . The simulated change over time of M t was markedly different at the 3 example sites but was not visually discernible from temporal patterns in any of the interdependent environmental variables (Q t , S t , C t ). For example, St Croix (12) had the highest Q t of the 3 sites but the lowest S t . Chippewa (3) and Watonwan (8) had similar Q t and C t , but very different S t , with Watonwan (8) S t approximately an order of magnitude higher than Chippewa (3). The subsequent simulated mussel population at Watonwan (8) was never able to escape the limitations on recruitment imposed by S t , whereas for the same growth parameters at Chippewa (3), the mussel population steadily rose until only food availability was limiting growth. Similar to Chippewa (3), the simulated mussel population at St Croix (12) was limited primarily by food availability and approached effective carrying capacity.
Three of the 12 calibration sites generally had increasing simulated temporal trajectories in M t , 2 sites fluctuated near the initial condition, and 7 sites fluctuated around 0.1 mussels/m 2 (the minimum density predicted by the model) (Fig. 8) [12] ). The model correctly predicted the observed population trends at Chippewa (3), MNMontevideo (4), and MN-Jordan (11), but did not capture the observed trend of declining M t at St Croix (12). The low predictive ability at St Croix (12) indicates that modified functional relationships or parameters may be needed to capture feedbacks at that site.
Nonlinear interactions
The importance of the processes incorporated into the model for the predictability of M t was tested by removing process links then comparing the simulated M t from the partial model with the full model simulation. First, a direct Q-S interaction without mussel feedback was tested for predictability by analyzing the correlation between M t and S t,avg . The predicted S t,avg from 1976 to the t cal,i survey date was correlated with M t (R 2 = 0.48, n = 12, p = 0.013), consistent with the hypothesis that elevated S t and higher Q t adversely affect M t .
Next, when the mussel filtration process was deactivated (by setting Eq. 8 equal to 0), mussels were predicted to be extirpated at 10 of the 12 sites. At St Croix (12), simulated M t was predicted to be higher with filtration deactivated indicating that self-limitation because of food availability is the controlling process at this site. In contrast, with mussel filtration of suspended solids acti- Figure 6 . A.-Sensitivity of simulated mussel population density (M sim [t cal,i ]) to mussel mortality rate (ε M ) (evaluated at the calibrated M 0 * = 0.7 mussels/m 2 ). Each line represents M sim (t cal,i ) evaluated at its corresponding calibration date for a range of εM. The vertical line denotes the calibrated mortality rate (ε M *). Shading shows the range of ε M for which M sim (t cal ,i) is most responsive to changes in ε M . B.-Zones of dynamic mussel population response (shaded areas) for 3 example sites across the calibration parameter space. To the left of the shaded region, mussel density (M t ) is approaching the effective carrying capacity ( f 6 [C t ]; Eq. 14), to the right of the shaded region, mussels are predicted to be extirpated. + denotes the calibrated value of M 0 * and ε M *.
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March 2016 | 209 vated, i.e., running the full model, the simulation results corresponded better with observations and extirpation was predicted at 7 sites, consistent with extremely low densities reported in the calibration survey observations. When food limitation was removed from the model (i.e., by setting f 6 = K M in Eq. 14), sites with M sim (t cal,i ) < 4 mussels/m 2 were not affected. However, at sites with M sim (t cal,i ) > 4 mussels/m 2 (Yellow Bank Mussel population response to changing environmental stressors Scenarios of differing rates of suspended sediment generation were created by changing the amount of sediment generated by streamflow through the parameter α QS and by changing Q t across all flows for the entire simulation period. Results are shown only for changing α QS because the results for changing Q t were nearly the same (Fig. 9) . At all sites, 2 thresholds in M t were observed within an average S t range of 5 to 20 mg/L, centered at ∼10 mg/L (Fig. 9) . The threshold at ∼5 mg/L represents S t,avg where a stable population was no longer resistant to S t fluctuations, and the threshold at ∼20 mg/L represents the S t,avg that each site's population could tolerate before being extirpated. In a comparison of the effect of a more realistic ±10% change at the 3 example sites, only Chippewa (3) is predicted to be responsive to changes in sediment generation rates.
DISCUSSION
The model successfully predicted the spatial variability in M at the watershed scale by accounting for longterm, temporally covarying environmental stressors (i.e., Q, S, C) and their interdependent process interactions despite relatively noisy empirical relationships underlying some functional interactions. Including nonlinear interactions and integrating them over long time periods resulted in much better predictability than either simple Figure 7 . Temporal variability in US Geological Survey measured streamflow (Q t ) (A) and the interdependent simulated variables suspended sediment concentration (S t ) (B), phytoplankton population density (C t ) (C), and mussel population density (M t ) (D) for 3 of the 12 sites. correlation-type relationships with static variables, or the simplified versions of our model (analysis with static geomorphic and hydraulic variables; Appendix S1). The significant correlation between the streamflow-dependent S t and the observed M t supports the hypothesis that S t and Q t are 1 st -order controls on population density in this system. The additional complexity introduced by considering long-term process dynamics and integrating the effects of all environmental stressors over time through the complete Q-S-C-M model resulted in substantially higher predictive power as seen with both the calibration and validation data sets.
We assumed that long-term temporal dynamics and chronic exposures rather than short-term, catastrophic events, such as scouring or desiccation during drought, control mussel population densities (Strayer et al. 2004 , but see Allen et al. 2013 , Atkinson et al. 2014 . Basins with different land use may exhibit dependencies on variables that are currently not included in the model. However, the model could be extended to include these variables if functional interactions were defined. For instance, fishhost availability and NH 3 concentrations in pore water can be significant stressors in other agricultural systems, and if the dependencies of these stressors on streamflow or other modeled variables were known, then these too could be incorporated (Vaughn and Taylor 2000 , Newton et al. 2003 , Strayer and Malcom 2012 , Cao et al. 2013 , Österling and Larsen 2013 .
The model also could be used to assess the population density response of a single species to long-term exposure to modeled environmental stressors if sufficient parameterization data were to become available. The generic or site-aggregate mussel concept would still be used to account for the effect of the mussel bed on the stressors through Eq. 8. Responses to modeled stressors, Eqs 13 and 14, would be reparameterized based on the speciesspecific recruitment response to S t and, potentially, the specific-species carrying capacity response to food limitation. To our knowledge, this information is currently available for few species. It would be more difficult and perhaps less appropriate to develop the model to be age-specific. Nonphytoplankton food sources, seasonal temperature dependencies, discrete periods of juvenile recruitment, time lags to maturity, and other life-history traits could be included as well, but these variables would increase model complexity and would require additional observations to parameterize the model.
As filter feeders, mussels provide important feedback on the physical and chemical environment by siphoning suspended particulates from the water column, improving water column clarity, and reducing the concentration of suspended solids, which may enhance their own survival (Thorp et al. 1998 , Nichols and Garling 2000 , Vaughn and Hakenkamp 2001 . When the model was run without mussel filtration affecting S t , population density plummeted to model minima at 10 of 12 sites, a result inconsistent with survey observations. As population density increases, so does the strength of the feedback on the environmental stressor S t , and the population growth rate required to maintain a stable population is lower. This result suggests Figure 8 . Simulated trajectories of mussel population density (M t ) at all sites over time. Streamflow data for sites 1 and 2 did not extend past year 2000 so these trajectories end accordingly. See Table 2 for site codes. Figure 9 . Simulated mussel population density (M sim [t cal,i ]) response to scenarios of change in suspended sediment generation rate at the 3 example sites ( f 1 ; Eq. 7). Yellow dots show the current daily average sediment concentration, averaged over the model run duration. The thicker line segments correspond to more realistic changes of sediment generation of ±10% α QS .
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March 2016 | 211 that at moderate S t , mussel filtration promotes survival by decreasing environmental stressors and reinforces the concept of mussels as ecosystem engineers (Gutiérrez et al. 2003) . Food limitation effects were predicted by the model at sites with M sim (t cal,i ) > 4 mussels/m 2 and accounted for as much as a 49% reduction in M sim (t cal,i ). This result suggests that food limitation occurs at locations with large mussel densities, consistent with previously reported experimental results (Silverman et al. 1997 , Kesler et al. 2007 , Vaughn et al. 2008 . However, in nutrient-rich systems, food resource production may outpace food consumption (Strayer 2013 , Hornbach et al. 2014 .
Implications for mussel population management
Simulated mussel population densities were in 1 of 3 empirically observed states: extirpation, transitional, or effective (not nominal) carrying capacity (Fig. 6A ). For sites with minimal population densities, such as Watonwan (8), even substantial changes in population parameters may not translate into higher densities because of extinction debts or population deficit effects on both recruitment and feed-forward control of suspended sediment (Tilman et al. 1994 , Hanski and Ovaskainen 2002 , Arvidsson et al. 2012 . In contrast, sites with population densities near the effective carrying capacity, such as St Croix (12), may show resilience to increasing streamflow-dependent sediment generation through self-promoting feedback in which mussel filtration decreases S t . Sites where simulated population densities fall within the transitional region are most responsive to restoration efforts that could enhance juvenile survival and most vulnerable to environmental degradation.
In scenarios of varied suspended sediment generation rates, such as could result from changes in watershed land use, riparian buffer strips or climate change, long-term predicted mussel population densities were in 1 of 3 empirically observed states: extirpation, transitional, or effective carrying capacity (Fig. 9) . The population response to S t,avg had 2 thresholds: a threshold where a stable population was no longer resistant to suspended sediment fluctuations (∼5 mg/L) and a threshold where populations were extirpated (∼20 mg/L). Mussel populations within the transitional region between these 2 thresholds were most sensitive to changing environmental stressors. Small reductions in environmental stressors at these sites are likely to have the largest effect on rehabilitation. For example, among the 3 example sites presented in Fig. 9 , Chippewa (3) is predicted to be most responsive to changes in sediment generation rates, and management actions to preserve or restore watershed conditions in this basin are likely to be more effective toward promoting mussel population growth than efforts in St Croix (12) or Watonwan (8) basins. The lower threshold value (∼5 mg/L) is lower than the model parameter value governing the initiation of the suspended sediment effect on juvenile recruitment rates (S * M = 10 mg/L) and the upper threshold value (∼20 mg/L) corresponds to when the effective mussel population growth rate is equal to 0 (S t = 18.9 mg/L; see Fig. 4C ). This threshold response of mussel populations warrants further investigation, including species-specific responses to critical S t values at these fairly low concentrations. This type of site and population classification can be used to prioritize sites for focused monitoring or management.
Concluding remarks
We have presented a simplified process-interaction model of reach-scale mussel population density that explicitly accounts for the long-term propagation of timevarying environmental stressors (here, suspended sediment and phytoplankton concentration), and we have demonstrated its application in 2 watersheds in the Midwest. The model could be expanded to individual species or other interacting environmental stressors, such as pollutants, substrate instability, and invasive zebra mussels, which could be critical in other systems, provided that sufficient experimental data sets were available to parameterize it. The proposed modeling approach, based on identifying the interdependent functional relationships among dynamic system drivers, provides a means to test whether chronic exposures to environmental stressors may be responsible for ecological decline by integrating mechanistic understanding from the literature to derive process interactions. The high model predictability for both the calibration and validation data sets suggests that the hypothesized primary stressors, i.e., chronic exposure to suspended sediment and food limitation, are indeed 1 st -order controls on long-term changes in native mussel population density in this river system. Our model of mussel population density is useful for testing hypotheses of limiting factors, examining the role of feedback loops, identifying priority locations for restoration activities, and evaluating climate-or landuse-change scenarios. Accounting for the effects of long-term, dynamic environmental degradation on freshwater biota, as outlined, can help develop strategies for protection or recovery of at-risk populations struggling against the multifaceted aspects of chronically poor ecological conditions. We thank Bernard Sietman for the useful discussion and the Minnesota Department of Natural Resources for the mussel data. All programs were coded in Matlab 2012a and are available upon request.
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